Abstract. Soccer is undeniably the most popular sport world-wide, but at the same time it is one of the least quantified. To date there is not a way to explicitly quantify the contribution of every player on the field to his team chances of winning. Successful sports metrics, such as the (adjusted) +/-that allows for division of credit among a basketball team's players, fail to work in soccer due to severe co-linearities (i.e., the same players being on the field for the majority of the time). In this work, we develop a framework that can estimate the expected contribution of a soccer player to his team's winning chances. In particular, using data from (i) approximately 20,000 games from 11 European leagues for 8 seasons, as well as, (ii) player ratings from FIFA, we estimate through a Skellam regression model the importance of every line in winning a soccer game. We consequently translate the model to expected league points added (per game) above a replacement player eLPAR. This model can be used as a guide for player transfer decisions, as well as, for transfer fees and contract negotiations among other applications. To showcase the applicability of eLPAR we use market value data for approximately 10,000 players and we identify evidence that currently the market undervalues defensive line players relative to goalkeepers. Finally, we discuss how our framework can be significantly enhanced using player tracking data, but also, how it can be used to obtain positional (and consequently player) value for American football, which is another sports where achieving division of credit has been proven to be hard to date.
The contribution of our work is twofold: 1. We develop a pre-game win probability model for soccer that is accurate and wellcalibrated. More importantly it is based on the starting lineups of the two teams and hence, it can account for personnel changes between games. 2. We develop the expected league points added above replacement (eLPAR) metric that can be used to identify positional values in soccer and facilitate quantitative (monetary) player valuation in a holistic way. Section 2 describes the data we used as well as the regression model we developed for the score differential. Section 3 further details the development of our expected league points added above replacement using the Skellam regression model. In this section we also discuss the implications for the players' transfer market. Finally, Section 4 discusses the scope and limitations of our current study, as well as, future directions for research.
Data and Methods.
In this section we will present the data that we used for our analysis, existing modeling approaches for for the goal differential in a soccer game, as well as, the Skellam regression model we used.
Soccer Dataset.
In our study we make use of the Kaggle European Soccer Database [1] . This dataset includes all the games (21,374 in total) from 11 European leagues 2 between the seasons 2008-09 and 2015-16. For every game, information about the final result as well as the starting lineups are provided. There is also temporal information on the corresponding players' ratings for the period covered by the data. A player's p rating takes values between 0 and 100 and includes an overall rating r p , as well as sub-ratings for different skills (e.g., tackling, dribbling etc.). There are 11,060 players in totals and an average of 2 rating readings per season for every player. One of the information that we need for our analysis and is not present in the original dataset, is the players' position and his market value. We obtained this information through FIFA's rating website (www.sofifa.com) for all the players in our dataset.
The goals scored in a soccer game have traditionally been described through a Poisson distribution [17, 12] , while a negative binomial distribution has also been proposed to account for possible over-dispersion in the data [19, 9] . However, the over-dispersion, whenever observed is fairly small and from a practical perspective does not justify the use of the negative binomial for modeling purposes considering the trade-off between complexity of estimating the models and improvement in accuracy [12] . In our data, we examined the presence of overdispersion through the Pearson chi-squared dispersion test. We performed the test separately for the goal scored from home and away teams and in both cases the dispersion statistic is very close to 1 (1.01 and 1.1 respectively), which allows us to conclude that a Poisson model fits better for our data. Figure 1 depicts the two distributions for the goals scored per game for the home and away teams in our dataset.
Another important modeling question is the dependency between the two Poisson processes that capture the scoring for the two competing teams. In general, the empirical data exhibit a small correlation (usually with an absolute value for the correlation coefficient less than 0.05) between the goals scored by the two competing teams and the use of Bivariate Poisson models has been proposed to deal with this correlation [13] . Simple put, (X, Y ) ∼ BP (λ 1 , λ 2 , λ 3 ), where:
The parameter λ 3 captures the covariance between the two marginal Poisson distributions for X and Y , i.e., λ 3 = Cov(X, Y ). In our data, the correlation between the number of goals scored from the home and away team is also small and equal to -0.06. While this correlation is small, Karlis and Ntzoufras [13] showed that it can impact the estimation of the probability of a draw. However, a major drawback of the Bivariate Poisson model is that it can only model data with positive correlations [14] . Given that in our dataset the correlation is negative, and hence, a Bivariate Poisson model cannot be used, an alternative approach is to directly model the difference between the two Poisson processes that describe the goals scored for the two competing teams. With Z, X and Y being the random variables describing the final score differential, the goals scored from the home team and the goals scored from the away team respectively, we clearly have
, Z has the following probability mass function [22] :
where I r (x) is the modified Bessel function. Equation (2.2) describes a Skellam distribution and clearly shows that the distribution of Z does not depend on the correlation between the two Poisson distributions X and Y . In fact, Equation (2.2) is exactly the same as the distribution of the difference of two independent Poisson variates [22] . Therefore, we can directly model the This manuscript is for review purposes only. goal differential without having to explicitly model the covariance. Of course, the drawback of this approach is that the derived model is not able to provide estimates on the actual game score, but rather only on the score differential. Nevertheless, in our study we are not interested in the actual score but rather in the win/lose/draw probability. Hence, this does not pose any limitations for our work.
Skellam Regression Model.
Our objective is to quantify the value of different positions in soccer. This problem translates to identifying how an one-unit increase in the rating of a player's position impacts the probability of his team winning. For instance, if we substitute our current striker who has a FIFA rating of 79, with a new striker with a FIFA rating of 80, how do our chances of winning alter? Once we have this information we can obtain for every player an expected league points added per game over a reference, i.e., replacement, player (Section 3.1). This can then be used to obtain a more objective market value for players based on their position and rating (Section 3.2).
In order to achieve our goal we model the goal differential Z of a game using as our independent variables the player/position ratings of the two teams that compete. Hence, our model's dependent variable is the goal differential (home -away) of game i, z i , while our independent variables are the positional rating differences of the two teams, x i,π = r p(h,π,i) − r p(a,π,i) , ∀π ∈ Π, where r p(h,π,i) (r p(a,π,i) ) is the rating of the home (away) team player that covers position π during game i and Π is the set of all soccer positions. One of the challenges with this setting is the fact that different teams will use different formations and hence, it can be very often the case that while one team might have 2 center backs and 2 wing backs, the other team might have 3 center backs only in its defensive line. This will lead to a situation where the independent variables x i,π might not be well-defined. While this could potentially be solved by knowing the exact formation of a team (we will elaborate on this later), this is unfortunately a piece of information missing from our data. Nevertheless, even this could create data sparsity problems (e.g., formation/player combinations that do not appear often). Hence, we merge positions to four groups, namely, attacking line, middle-fielders, defensive line and goalkeeping. Figure 2 depicts the grouping of the positions we used to the four lines Λ = {λ D , λ M , λ A , λ GK }. Note that this grouping in the four lines has been used in the past when analyzing soccer players as well [10] . The independent variables of our model are then the differences in the average rating of the corresponding lines. The interpretation of the model slightly changes now, since the independent variable captures the rating of the whole line as compared to a single position/player. Under this setting we fit a Skellam regression for Z through maximum likelihood estimation. In particular:
Model 2.1: Final Goal Differential
We model the goal differential Z i of game i using the following four co-variates:
• The difference between the average player rating of the defensive line of the two teams x D • The difference between the average player rating of the middle-fielders of the two teams x M • The difference between the average player rating of the attacking line of the two teams x A • The difference between the goalkeeper's rating of the two teams x GK The random variable Z follows a Skellam distribution, where its parameters depend on the model's covariates Table 1 shows the regression coefficients. It is interesting to note that the coefficients for the two parameters are fairly symmetric. λ 1 and λ 2 can be thought of as the mean of the Poisson distributions describing the home and visiting team respectively and hence, a positive relationship between an independent variable and the score differential for one team corresponds -to an equally strong -negative relationship between the same variable and the score differential. An additional thing to note is that an increase on the average rating of any line of a team contributes positively to the team's chances of winning (as one might have expected). Before using the model for estimating the expected league points added above replacement for each player, we examine how good the model is in terms of actually predicting the score differential and the win/draw/lose probabilities. We use an 80-20 split for training and testing of the model. We begin our evaluation by calculating the difference between the goal differential predicted by our model and the actual goal differential of the game [23] . Figure  3 (top) presents the distribution of this difference and as we can see it is centered around 0, while the standard deviation is equal to 1.6 goals. Furthermore, a chi-squared test cannot
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However, apart from the score differential prediction error, more important for our purposes is the ability to obtain true win/loss/draw probabilities for the games. As we will see in Section 3.1 we will use the changes in these probabilities to calculate an expected league points added for every player based on their position and rating. Hence, we need to evaluate how accurate and well-calibrated these probabilities are. Figure 3 (bottom) presents the probability calibration curves. Given that we have 3 possible results (i.e., win, loss and draw), we present three curves from the perspective of the home team, that is, a home team win, loss or draw. The x-axis presents the predicted probability for each event, while the y-axis is the observed probability. In particular we quantize the data in bins of 0.05 probability range, and for all the games within each bin we calculate the fraction of games for which the home team won/lost/draw, and this is the observed probability. Ideally, we would like to have these two numbers being equal. Indeed, as we can see for all 3 events the probability output of our model is very accurate, that is, all lines are practically on top of the y = x line. It is interesting to note, that our model does not provide a draw probability higher than 30% for any of the games in the test set, possibly due to the fact that the base rate for draws in the whole dataset is about 25%.
eLPAR and Market Value.
We begin by defining the notion of a replacement player and developing eLPAR. We also show how we can use eLPAR to obtain objective player and transfer fee (monetary) valuations.
Replacement Player and Expected League Points Added.
The notion of replacement player was popularized by Keith Woolner [27] who developed the Value Over Replacement Player (VORP) metric for baseball. The high level idea is that player talent comes at different levels. For instance, there are superstar players, average players and subpar player talent. These different levels come in different proportions within the pool of players, with superstars being a scarcity, while subpar players (what Woolner termed replacement players) being a commodity. This essentially means that a team needs to spend a lot of money if it wants to acquire a superstar, while technically a replacement player comes for free. Since a replacement player can be thought of as a free player, a good way to evaluate (and consequently estimate a market value for) a player is to estimate the (expected) contribution in wins, points etc. that he/she offers above a replacement player. One of the main contributions of Woolner's work is to show that average players have value [25] ! If we were to use the average player as our reference for evaluating talent, we would fail to recognize the value of average playing time. Nevertheless, replacement level, even though it is important for assigning economic value to a player, it is a less concrete mathematical concept. There are several ways that have been used to estimate this. For example, one can sort players (of a specific position) in decreasing order of their contract value and obtain as replacement level the talent at the bottom 20th percentile [24] . What we use for our study is a rule-of-thumb suggested from Woolner [26] . In particular, the replacement level is set at the 80% of the positional average rating. While the different approaches might provide slightly different values for a replacement player, they will not affect the relative importance of the various positions identified by the model. Figure  4 presents the distribution of the player ratings for the different lines for the last season in our dataset -i.e., 2015-16. The vertical green lines represent the replacement level for every position/line, i.e., 80% of the average of each distribution. As we can see all replacement levels are very close to each other and around a rating of 56. So the question now becomes how are we going to estimate the expected league points added above replacement (eLPAR) given the model from Section 2.2 and the replacements levels of each line. First let us define eLPAR more concretely:
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Definition 3.1: eLPAR
Consider a game between teams with only replacement players. Player p substitutes a replacement player in the lineup. eLPAR p describes how many league points (win=3 points, draw = 1 point, loss = 0 points) p is expected to add for his team.
Based on the above definition, eLPAR p can be calculated by estimating the change in the win/draw/loss probability after substituting a replacement player with p. However, the win probability model aforementioned does not consider individual players but rather lines. Therefore, in order to estimate the expected points to be added by inserting player p in the lineup we have to consider the formation used by the team. For example, a defender substituting a replacement player in a 5-3-2 formation will add a different value of expected points as compared to a formation with only 3 center-backs in the defensive line. Therefore, in order to estimate eLPAR p we need to specify the formation we are referring to. Had the formation been available in our dataset we could have built a multilevel model, where each combination of position and formation would have had their own coefficients 3 . Nevertheless, since this is not available our model captures the formation-average value of each line. In particular, eLPAR p for player p with rating r p can be calculated as following:
1. Calculate the increase in the average rating of the line λ ∈ Λ where p substituted the replacement player based on r p , formation φ and the replacement player rating for the line r replacement,φ,λ 2. Calculate, using the win probability model above, the change in the win, loss and draw probability (δP w , δP d and δP l respectively) 3. Calculate eLPAR p (φ) as:
It should be evident that by definition a replacement player has eLPAR = 0 -regardless of the formation -while if a player has rating better than a replacement, his eLPAR will be positive. However, the actual value and how it compares to players playing in different positions will depend on the formation. In Figure 5 we present the expected league points added per game for players with different ratings (ranging from 50 to 99) and for different formations. While there are several different formations that a team can use, we chose 4 of the most often used ones.
One common pattern in all of the formations presented is the fact that for a given player rating goal keepers provide the smallest expected league points above replacement -which is in line with other studies/reports for the value of goal keepers in today's soccer [3] . It is also evident that depending on the formation the different positions offer different value. For example, a 4-5-1 system benefits more from an attacker with a rating of 90 as compared to a defender with the same rating, while in a 3-5-2 formation the opposite is true. It is also interesting to note that for a 4-4-2 formation, the value added above replacement for the different positions are very close to each other (the closest compared to the rest of the formations). This most probably is due to the fact that the 4-4-2 formation is the most balanced formation in soccer, and hence, all positions contribute equally to the team. To reiterate this is an expected value added, i.e., it is not based on the actual performance of a player but rather on static ratings for a player. Given that teams play different formations over different games (or even during the same game after in-game adjustments), a more detailed calculation of eLPAR would include the fraction of total playing time spent by each player on a specific formation. With T being the total number of minutes played by p, and t φ the total minutes he played in formation φ, we have:
The last row in Figure 5 presents the average eLPAR for each position and player rating across all the four possessions (assuming equal playing time for all formations). As we can see for the same player rating, a defender adds more expected league points above replacement, followed by an attacker with the same rating. A middlefielder with the same rating adds only slightly less expected league points compared to an attacker of the same rating, while a goal keeper (with the same rating) adds the least amount of expected league points. A team manager can use this information to identify more appropriate targets given the team style play (formations used) and the budget. In the following section we will explore the relation between the market value of a player and his eLPAR.
Positional Value and Player Market
Value. In this section we will explore how we can utilize eLPAR to identify possible inefficiencies in the player's transfer market. In particular, we are interested in examining whether the transfer market overvalues specific positions based on the eLPAR value they provide. Splitting the players in the four lines Figure 6 (left) presents the differences between the average market value -that is, the transfer fee paid from a team to acquire a player under contract -for each position. As we can see, on average, defenders are the lowest paid players! However, as aforementioned ( Figure 5 ) for a given player rating, a defensive player provides the maximum eLPAR value.
Nevertheless, what we are really interested in is the monetary value that a team pays for 1 expected league point above replacement per game for each player. Granted there is a different supply of players in different positions. For example, only 8.5% of the players are goal keepers, as compared to approximately 35% of defenders 4 , and hence, one might expect goalkeepers to be paid more than defenders. However, there is also smaller demand for these positions and hence, we expect these two to cancel out to a fairly great extend, at least to an extend that does not over-inflate the market values. Hence, we calculate the monetary cost the players market values imply that teams are willing to pay for 1 expected league point. Figure 6 (middle) presents the cost (in Euros) per 1 expected league point for different positions and as a function of the eLPAR they provide. An efficient market would have four straight horizontal lines, one on top of the other, since the value of 1 expected league point should be the same regardless of where this point is expected from. However, what we observe is that the market over-values significantly goal keepers (even though on average they are only the 3rd highest paid line), and this is mainly a result of their low eLPAR (the best goalkeeper in our dataset provides an eLPAR of just over 0.1 per 90 minutes). Furthermore, teams appear to be willing to pay a premium for expected league points generated by the offense as compared to points generated by the defense, and this premium increases with eLPAR. This becomes even more clear from the right plot in Figure 6 , where teams are willing to pay multiples in premium for 1 expected league point coming from a goalkeeper with 88 FIFA rating as compared to the same contribution coming from a defender with 86 FIFA rating.
Player wages exhibit similar behavior (the ranking correlation between transfer/market value and a player's wage is 0.94). Given that there is no salary cap in European soccer, teams can potentially overpay in general in order to bring in the players they want. Hence, across-teams comparisons might not be appropriate. However, within team comparison of contracts among its players is one way to explore whether teams are being rational in terms of payroll. In particular, we can examine the distribution of their total budget among their players, and whether this is in line with their positional values. Simply put, this analysis will provide us with some relative insight on whether teams spend their budget proportional to the positional and personal on-field value (i.e., FIFA rating) of each player. Let us consider two specific teams, that is, FC Barcelona and Manchester United. We will use the wages of the starting 11 players of the two teams (from the 2017-18 season) and considering the total budget B constant we will redistribute it based on the eLPAR of each player. Table Figure 6 . Even though goalkeepers are among the lowest paid players in soccer, they still are overpaid in terms of expected league points contributions. Defenders are undervalued when it comes to contributions in winning. 2 presents the starting 11 for Barcelona, their FIFA rating and their wage 5 , while Table 3 presents the same information for Manchester United 6 . We have also included the formationagnostic (i.e., average of the four most frequent formations aforementioned) eLPAR and the corresponding redistribution of salaries, as well as the same numbers for the default formation of each team (4-4-2 for Barcelona and 4-3-3 for Manchester United). The way we calculate the re-distribution is as following:
FC Barcelona
1. Calculate the fraction f p = eLPAR p eLPAR total of total eLPAR that player p contributes to his team (eLPAR total = 11 p=1 eLPAR p ) 2. Calculate the eLPAR-based wage for player p as f p · B As we can see there are differences in the wages projected when using eLPAR. Both teams for example appear to overpay their goalkeepers based on their expected league points above replacement per 90 minutes. Of course, some players are under-valued, and as we can see these players are mainly in the defensive line. These results open up interesting questions for soccer clubs when it comes to budget decisions. Budget is spent for two reasons; (a) to win, as well as, (b) to maximize the monetary return (after all, sports franchises are businesses). The premium that clubs are willing to pay an attacker over a defender for the same amount of league points can be seen as an investment. These players bring fans in the stadium, increase gate revenue (e.g., through increased ticket prices), bring sponsors, sell club merchandise, etc. For example, even though attackers are approximately only 20% of the players' pool, 60% of the top-selling jerseys in England during 2018 belonged to attackers [2] . Therefore, when we discuss the money spent from a team for a transfer (or a wage), winning is only one part of the equation. While teams with large budgets (like Manchester United and Barcelona) might be able to pay premiums as an investment, other teams in the middle-of-the-pack can achieve significant savings, without compromising their chances of winning. In fact, clubs with limited budget can maximize their winning chances, which is an investment as well (winning can bring in revenues that can then be used to acquire better/more popular players and so on). A club with a fixed transfer budget B can distribute it in such a way that maximizes the expected league points bought (even under positional constraints). For instance, with B = 10 millions and with the need for a center back and a goalkeeper, if we use the average market values for the two positions we should allocate 55% of the budget (i.e., 5.5 millions) for the goalkeeper and 45% of the budget for the defender. This will eventually get us about 0.315 expected league points per 90 minutes (a goalkeeper with a 77.5 FIFA rating and a defender with a 76.5 FIFA rating). However, if we allocate 2 millions for the goalkeeper and 8 millions for the defender this will get us around 0.34 expected league points (a goalkeeper with 74 FIFA rating and a defender with 79 FIFA rating), or simply put the team will have bought 1 expected league point at a 7.5% discount as compared to the rest of the market.
Manchester United

Fair Transfer Fees.
In the last example above, the transfer fees mentioned are based on the current market transfer and most probably will still be an overpayment for the talent acquired. What basically one can achieve with an approach as the one described above is to optimize the team's transfers based on the current market values. However, we can use our model and analysis to also estimate a fair (i.e., considering only a team's winning chances) transfer fee for a player. For this we would need to know what 1M Euros is worth in terms of league points. To do so we will need the total transfer budget of teams and the total number of league points they obtained. For example, Figure 7 presents the relationship between a team's transfer budget and the total points obtained for the 2017-18 Premier League. The slope of the linear fit is 0.44 (R 2 = 0.71), which means that 1M Euros in transfer budget is worth 0.44 Premier League points. Therefore for a player p with eLPAR p , who is expected to play N games, a fair transfer fee is N · eLPAR p 0.44 . For example, recently a transfer that was discussed a lot was that of goal keeper Danny Ward from Liverpool to Leicester. Based on Ward's current rating (70) and his potential upside (78), the transfer fee should be between 4.6 and 6.7 million pounds, assuming he plays all 38 Premier League games next season (he is not currently expected to even start). However, Leicester paid 10 million pounds for this transfer [29] . Again there might be other reasons that Leicester was willing to pay 10 million pounds for Ward, and similar transfers can only be accurately -if at all -evaluated only after the players leaves/transfers from his new team. For instance, if Ward ends up playing 10 full seasons with Leicester his transfer fee can even be considered a steal. The same will be true if Leicester sells Ward for double this price within a couple of years. In general, estimating transfer fees is a much more complex task, but eLPAR can facilitate these estimations by considering the on-pitch expected contributions of the player. We would like to emphasize here that the relationship between transfer budget and league points should be built separately for every league and for robustness more seasons need to be considered (appropriately adjusted for inflation).
Conclusions and Discussion.
In this work our objective is to understand positional values in soccer and develop a metric that can provide an estimate for the expected contribution of a player on the field. We start by developing a win probability model for soccer games based on the ratings of the four lines of the teams (attack, middlefield, defense and goalkeeper). We then translate this positional values to expected league points added above a replacement player eLPAR considering a team's formations. We further show how this framework can be useful by analyzing transfer fees and players' wages and relating them back to each player's eLPAR. Our results indicate that specific positions are over-valued when only considering their contribution to winning the game.
We believe that this study will trigger further research on the positional value in soccer. An immediate improvement over our current model is to consider the actual formation that the teams used (a piece of information missing in our current dataset). This will allow us to build a multilevel regression model where we will include covariates for more fine grained positions (e.g., center back, right back, center middlefielder etc.). We can also include information about substitutions during a game (another piece of information not available to us). This will allow us to (a) obtain a weighted average for the average rating of a line based on the substitutions, and (b) a much more accurate estimate for a player's total playing time. Furthermore, our current study is based on static player ratings obtained from FIFA. This only allows us to estimate the expected league points added over a replacement player. While these ratings capture the overall performance of a player during past season(s) and hence, it is still appropriate for estimating his monetary value, actual game ratings for players will allow us to estimate the actual league points added over replacement by a player over the course of a season. These game ratings for example can be composed through appropriate analysis of player tracking data, which at the least will provide us with information about how much time a combo-player (e.g., a left middlefielder who can also play left wing/forward) played at each line. We will explore these direction as part of our future research, while we will also explore the applicability of a similar approach towards quantifying positional value for American Football (NFL). In particular, using player ratings from NFL Madden (in a similar way we use player ratings from FIFA), we can evaluate the contribution of 1 unit increase in the Madden rating of a player to the expected points added from a team's play. This could be a significant step towards defining a metric similar to Wins Above replacement for NFL, and finally understanding the contribution of each position in winning.
